On behalf of my co-authors, I would like to resubmit the revised manuscript "esd-2018-71" titled "Investigating the Applicability of Emergent Constraints" for publication in Earth System Dynamics. We addressed all of your minor corrections. Regarding your comment on Page 9 Line 29: The number of 36% for the non-significant changing part is correct, because 54% show increasing and 10% show decreasing trends.
The esmHistorical simulation spanned the period 1850 to 2005 and was driven by observed conditions such as solar forcing, 22 emissions or concentrations of short-lived species and natural and anthropogenic aerosols or their precursors, land use, anthro-23 pogenic as well as volcanic influences on atmospheric composition. The models are forced by prescribed anthropogenic CO 2 24 emissions, rather than atmospheric CO 2 concentrations. 1pctCO2 is an idealized fully coupled carbon-climate simulation initialized from a steady state of the pre-industrial control 3 run and atmospheric CO 2 concentration prescribed to increase 1% yr 1 until quadrupling of the pre-industrial level. The sim- 4 ulations esmFixClim and esmFdbk aim to disentangle the two carbon cycle feedbacks in response to rising CO 2 analogous 5 to the 1pctCO2 setup: In esmFixClim CO 2 -induced climate change is suppressed (i.e. radiation transfer model sees constant 6 pre-industrial CO 2 level), while the carbon cycle responds to increasing CO 2 concentration (vice versa for esmFdbk; Taylor is assumed to be a linear function of atmospheric CO 2 concentration. For the temperature-limited high northern latitudes, we 20 also have to account for warming and include temperature as an additional driver. We do this using GDD0. Through a principal 21 component analysis (PCA) of CO 2 and GDD0 we avoid redundancy from co-linearity between the two driver variables, but There are two parts to the EC methodology ( Fig. 1 ) -a statistically robust relationship between modeled matching pairs of 2 predictor-predictand values and an observed value of the predictor. The predictors are from a representative historical period.
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The predictands are modeled changes in a variable of interest at another forcing state of the system (e.g. potential future). 4 The projection of the observed predictor on the modeled relation yields a constrained value of the predictand. A causal basis 5 has to buttress the predictor-predictand relationship, else the EC method may be spurious. For example, meaningful coupling 6 between concurrent changes in GPP and LAI max with increasing atmospheric CO 2 concentration underpins our specific case 7 study in the NHL, i.e. some of the enhanced GPP due to rising CO 2 concentration is invested in additional green leaves by coupling assures an approximately constant ratio of predictand to predictor across the models within the ensemble, thus setting 11 up the potential for deriving an EC estimate. Uncertainty on :: in the constrained estimate depends on the observed predictor and 12 modeled relationship, aside from the goodness-of-fit of the latter (Fig. 1 ). These are detailed below. This analysis illustrates the applicability and limitations of using observed greening sensitivities to CO 2 forcing as a con- We focus further analyses on the NHL region (> 60 N; Fig. 2b ), because of two reasons. First, the direct human impact (i.e. 2 land management) can be neglected in the high latitudes, thus, we can assume that the observed changes reflect the response of 3 natural ecosystems. Second, the observational evidence of an increased plant productivity in the recent decades is well estab- In addition to the physiological effect of CO 2 , also warming ::::::: warming :::: also plays a key role in controlling plant productivity 8 of the NHL temperature-limited ecosystems, and thus, vegetation greenness. To avoid redundancy from co-linearity between 9 CO 2 and GDD0, we reduce dimensionality by performing a principal component analysis of the two driver variables (Sect. in both CO 2 and GDD0. Therefore, we obtain a proxy driver (hereafter denoted !) that represents the overall forcing signal 12 causing observed vegetation greenness changes in NHL ( Fig. A1 ). Accordingly, greening sensitivity for the entire NHL area is 13 derived as response to !, the combined forcing signal of rising CO 2 and warming. This procedure also enables a better com-14 parability between observations and models because varying strengths of physiological and radiative effects of CO 2 among 15 models are taken into account (Sect. 3.3 -3.5). Anav et al., 2013 Anav et al., , 2015 . Due to the coupling of the predictor and predictand, the distri-5 bution of pixels with significant changes is approximately the same for the two variables ( Fig. A2 ). Accordingly, averaging 6 the equally distributed estimates likely does not affect the predictor-predictand relationship in the model ensemble ( Fig. 1 ).
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Consequently, if all spatial gridded data arrays are consistently processed to spatially-aggregated estimates, each predictand 8 and predictor (observed and modeled) estimate contain a coherent component of spatial variations. In other words, considering 9 browning and non-significant pixels results in a lower overall LAI max sensitivity in NHL, which in turn leads to a lower con-10 strained estimate of GPP in NHL. This is consistent with the underlying relationship between predictor and predictand. On a 11 related note, Bracegirdle and Stephenson (2012a) suggest that this source of error is not significantly dependent on the spatial 12 resolution when comparing model subsets from high to low resolution. for example, as in the second half of the 19th century when CO 2 concentration was increasing slowly, inter-annual variability 32 dominates and LAI max sensitivity cannot be accurately estimated irrespective of the window length ( Fig. 4 and A3 ). With 33 increasing forcing over time (rising yearly rate of CO 2 infusion :::::::: emissions, and consequently, the concentration), the signal-to-noise ratio increases and LAI max sensitivity to ! estimation stabilizes, for example, as in the second half of the 20th century. Second, in addition to temporal location, also window lengths have to match between observations and models. For all three 8 models, sensitivities estimated from 15-year chunks show high variability and thus, a 15-year record is perhaps too short to 9 obtain robust estimates. The LAI max sensitivity estimation becomes more stable with strengthening forcing and increasing 10 window length ( Fig. 4 and A3) . As a consequence, using short-term observed sensitivity as a constraint on long-term model The EC method raises an obvious question -does it not implicitly assume that the key operative mechanisms underpinning the 17 EC relation remain unchanged because a future system state is being predicted based on its past behavior? To be specific, we Results from the above thought experiment also highlight the importance of matching window locations and lengths between 1 models and observations, as discussed earlier (Sect. 3.3). For instance, taking LAI sensitivity from past period 2 (green dashed 2 line, Fig. 6d ) as an observational constraint on the multi-model linear relationship based on past period 3 (red solid line, Fig.   3 6d), results in a significant overestimation of constrained GPP (intersection of the two lines, Fig. 6d ).
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The above analysis informs that the constrained GPP estimate at one future period (e.g. 2⇥CO 2 ) is nearly independent of 6 the past periods from when the observational sensitivities are derived, for most realistic scenarios. Now, we evaluate the EC 7 method where sensitivity from one past period is used to obtain constrained GPP estimates at different periods in a potential 8 future, i.e. progressively farther down the time-line of a CO 2 -enriched world. We utilize the greening sensitivity derived from 9 35 years of observed LAI max data (AVHRR, Sect. 2.1) and apply the EC method to CMIP5 1pctCO2 simulations. The sensi-10 tivities in this case are due to forcing from both CO 2 increase and associated warming during the observational period (Sect. 11 2.4). We seek constrained GPP estimates for the NHL at different CO 2 levels (2⇥CO 2 , 3⇥CO 2 , and 4⇥CO 2 ). CMIP5 models do not agree on the strength of the saturation effect at higher CO 2 levels ( Fig. 5 and A4 ). The increment in 20 constrained GPP estimates for successive equal increments of CO 2 decreases due to the saturation effect in all CMIP5 models 21 (dashed horizontal lines, Fig. 7a ). For example, the change in GPP between 3⇥CO 2 and 4⇥CO 2 ( GPP ⇠1.06 Pg C yr 1 ,
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Tab. 3) is much lower than between 2⇥CO 2 and 3⇥CO 2 ( GPP ⇠2.34 Pg C yr 1 , Tab. 3).
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We have thus far focused on the magnitude of CO 2 concentration change and not on the time rate of this change. For example, To investigate this aspect of forcing, we extract GPP estimates at the same CO 2 concentration (535 ppm; final concentration 30 in RCP4.5) from three simulations of different forcing rates and calculate the difference relative to a common initial CO 2 31 concentration (380 ppm; initial concentration of RCP scenarios). Hence, the magnitude of the forcing is the same but applied for ::: the :::: NHL : at different atmospheric CO2 levels in all available CMIP5 models (1pctCO2 simulation). Asterisks denote non-significant values: ** p > 0.1; * p > 0.05. The respective colored lines represent the best linear fit through those dots and the shading represents the 95% confidence interval. Table A1 ). a, GPP decreases with increasing CO2 concentration (described by a hyperbolic tangent function). The yellow band marks the projected period of interest, i.e. the period of CO2 concentration from x + 4 to x + 5 . b, Also LAI decreases with increasing GPP (described by a hyperbolic tangent function). The parameterization in the hyperbolic tangent functions for pseudo observations (dashed black line) as well as models (solid grey lines) are determined randomly for each model. c, The diagnostic variable, LAI sensitivity to CO2, is decreasing with increasing CO2 as a consequence of the overall saturating characteristics of the system. The colored bands indicate three 'past' periods from x to x + (blue), x + to x + 2 (green), and x + 2 to x + 3 (red). d, Linear
relationships among the pseudo model ensembles (Ensemble LR, colored lines) between LAI sensitivity to CO2 of the three past periods and GPP from the projected period. Colored dots mark different models and the dashed lines represent associated pseudo observations for respective historical period. Yellow solid line depicts the constant EC on projected GPP irrespective of the past period. Table A1 . Overview of four possible cases of interaction between forcing, non-observable and observable identified in the thought experiment: All linear, all non-linear, and two mixed cases. 
